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1. Introduction
With the advent of the knowledge-based economy, earnings inequality became
worse in Korea like other advanced economies such as the United States. There
are various factors affecting the earnings inequality: shifts in labor supply, shifts
in labor demand and institutional changes in the labor market. The main cause
of the widening inequality among others is changes in labor demand, especially
changes in technology.
This study focuses on the impact of technological changes on earnings
inequality in Korea. Using HCCP data set, this study tests the skill biased
technological change among various workers.
2. Previous Literature
The employment and wage level in the labor market are determined by the
labor supply and labor demand in a given labor institutes. Therefore, changes in
employment and wage level are also affected by these factors: shifts in labor
supply, labor demand and labor institutes. Shifts in the labor institutes include
changes in minimum wage level, union density, changes in labor law and etc.
In explaining the widening wage gap in the United States as well as other
countries such as Korea, many studies confirm the role of skill biased
technological change. There are, however, other phenomena which can not be
explained by the SBTC hypothesis. So, there have been various arguments on
the changes in labor demand.
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3. Model Specification
The modified Mincerian earnings equation is used to estimate the
determinants of workers’ earnings. Specifically, the dependent variable is log
hourly wage, and independent variables include individual workers’ human
capital characteristics as well as one’s job information. It also includes the
technology level of the worker who confronts with at his/her job places. In this
specification, wages of skilled workers as well as those of unskilled workers
would rise when there are skill-neutral technological changes. However, when
there are skill-biased technological changes, relative demand for skilled workers
will arise. To identify the effect, the interaction terms between schooling years
and technological change variables are added to the equation. Therefore, when
there is skill a biased technological change, the coefficient of the interaction
term between schooling years and technological change variable is positive.
4. Empirical Results
A. Data
The data set used in the empirical tests is the HCCP data built by the
KRIVET. This first wave of this data was surveyed in 2005, and the second
wave was surveyed in 2007. The population of the HCCP is the establishments
in Korea and the survey samples were chosen based on the KIS Corporate
Data(2005).
In the first wave, among the total 454 establishments surveyed, 303
establishments are from manufacturing, 35 establishments from financial
industry, and 116 from non-financial service industries. In the second wave, 316
establishments are from manufacturing, 35 establishments from financial
industry, and 116 from the non-financial service industry. The number of
workers surveyed is 13,101 in the first wave and 11,473 in the second wave.
B. Earnings Equations
The explanatory powers of earnings equation(R2) are from 0.40 to 0.52 in the
first wave. Returns to additional schooling year are from 0.76 to 0.10. As
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expected, experience-earnings profiles show concave function which implies that
the return to experience increases as experience becomes longer at a diminishing
rate. Tenure-experience profiles also show a similar pattern. The coefficient of
gender dummy representing the gender wage gap is about 18% 20%. Workers in∼
the large establishments receive higher wages than those in small establishments.
In the earning equation, there are some proxies representing changes in the
managerial environments such as “Changes in demand for the main products for
the last three years”, “The degree of difficulties in forecasting the demand for
main products”, “The degree of changes in developing and adopting new
products”, “The degree of changes in technologies for the last three years” and
etc. The coefficient of “The degree of changes in technologies for the last three
years” dummy is with statistical significance in the full model with industry
dummies and establishments size dummies. Other dummy variables representing
changes in the managerial environments do not show a consistent pattern across
different model specifications.
However, the coefficient of dummy representing “The utilization of the
Information System and its effect within the firm” is positively significant. The
effect of patents, utility models, and design, which are direct measures of
technological changes, are also significantly positive in all model specifications.
The empirical results of earnings equation in the second wave are mostly
similar to those in the first wave.
C. Skill-Biased Technological Change Model
In the simplest model specification, the interaction term between years of
schooling and “Changes in the market share of the main products for the last
three years” is significantly negative while the interaction term between years of
schooling and “The degree of changes in developing and adopting new
products” is significantly positive. Other interaction terms such as “The degree
of difficulties in forecasting the demand for main products”, and “The degree of
changes in technologies for the last three years” show inconsistent results.
In the full model specification with tenure, firm size dummies, industry
dummies as well as the worker’s characteristics, the interaction term between
years of schooling and “The degree of changes in developing and adopting new
products” is significantly positive. On the other hand, the interaction term
between years of schooling and “The degree of changes in technologies for the
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last three years” is significantly negative. The remaining two interaction terms
do not show statistically significant results.
To analyze the effect of the “utilization of the Information System within the
firm” with more detail, five sub-categorical questions are asked in five point
scale(1 for the least, 5 for the most and the average is 3). The average point of
these five questions is decoded as “IS_TECH” variable. The interaction term
between years of schooling and “IS_TECH”, however, shows significantly
negative implying de-skillization with the information technological change.
The skill-biased technological change hypothesis is also tested using direct
measures of technological change such as the number of patents, utility models
and design. In the simplest model, the impact of the total number of patents,
utility models and design is significantly positive. The interaction term between
this variable and years of schooling, however, does not show statistically
significant result.
Again, the empirical results of earnings equation in the second wave are
mostly similar to those in the first wave.
D. Models by Gender
a. Men
For men, the interaction term between years of schooling and “The degree of
changes in developing and adopting new products” is significantly positive. On
the other hand, the interaction term between years of schooling and “The degree
of changes in technologies for the last three years” is significantly negative. The
remaining two interaction terms do not show statistically significant results.
The impacts of the “Utilization of the Information System within the firm”
are significantly positive in the simple model as well as in the full model. On
the contrary, the interaction term between years of schooling and “IS_TECH”,
however, is not statistically significant although the sign is positive.
Similarly, the impact of “the total number of patents, utility models and
design” is significantly positive. and its interaction term with years of schooling,
however, shows negatively significant result.
b. Women
For women, most proxies representing changes in the managerial
environments do not have statistically significant impacts on workers’ earnings
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or show different results depending on the model specification. The impacts of
the “Utilization of the Information System within the firm” are significantly
positive in the simple model as well as in the full model. The impact of “the
total number of patents, utility models and design” is significantly positive. in
simple model while it is not statistically significant in the full model.
The interaction term between years of schooling and “The degree of
difficulties in forecasting the demand for main products” is significantly
positive. On the other hand, the interaction term between years of schooling and
other dummies representing the managerial environments is not statistically
significant or shows different results depending on the model specification.
Similarly, the interaction term between years of schooling and “IS_TECH” and
the interaction term between years of schooling and “the total number of
patents, utility models and design” is not statistically significant or shows
different results depending on the model specification.
E. Models by Industry and Occupation
In manufacturing, the interaction term between years of schooling and
“changes in the market share of the main products for the last three years” is
significantly positive in the simple model as well as in the full model. This
implies that the educational wage gap increases as the “changes in the market
share of the main products for the last three years” becomes larger.
The impacts of the “Utilization of the Information System within the firm”
and its interaction term with years of schooling are not statistically significant.
On the contrary, the impact of “the total number of patents, utility models and
design” is significantly positive although its interaction term with years of
schooling, however, shows negatively significant or insignificant result.
In financial sector, unlike the manufacturing, the interaction term between
years of schooling and “degree of difficulties in forecasting the demand for
main products” is significantly positive in the simple model as well as in the
full model. However, the impacts of the “Utilization of the Information System
within the firm” and its interaction term with years of schooling are not
statistically significant. Also, the number of patents and the number of utility
models do not affect on workers’ earnings nor on educational wage differentials,
but the number of design affects positively on educational wage differentials.
Similar results are found in other service sector, too.
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5. Summary and Policies Implication
The advantage of using HCCP data set is that “technological level by firm”
can be used in the empirical tests rather than “technological level by industry”
as they have been used in most other studies. The empirical results, however,
shows somewhat different from those of other studies. It shows that skill-biased
technological changes are not unanimously found in all workers. Depending on
the level of human capital accumulation, industry and/or occupation, the
educational wage differential increases as technological changes, and in other
sectors, the educational wage differential has nothing to do with technological
changes.
In this regard, policies on the human capital should be more classified and
disaggregated. Moreover, the external environments and technology will change
more rapidly. Therefore, education and training policies should be fine tuned
depending on the workers’ human capital level as well as their occupations.
